Abstract Understanding the dynamics of vegetation system change is often limited by relatively brief data sequences and the shortage of comparable analyses of variation over longer periods. In this study, GIMMS NDVI and MODIS NDVI datasets were integrated to establish a consistent NDVI time series from 1982 to 2012 on vegetation of the Tibetan Plateau in China. The spatiotemporal patterns of change in seasonal NDVI and their linkage with climatic variables were analyzed at regional and pixel scales over 14 periods ranging from 18 to 31 years and beginning in 1982. On a regional scale, positive trends of growing season and seasonal NDVI were observed during the 14 periods, and the increases were statistically significant for growing season NDVI during all periods, and for summer and autumn NDVI during only the last four and the last two periods, respectively. The rates of NDVI increase in growing season and spring significantly decreased over the 14 periods. NDVI rates slightly decrease in summer and significantly increase in autumn. At a pixel scale, areas with significant greening or significant browning significantly increased over the 14 periods during the growth season and during all seasons except spring, in which the proportion of vegetated area with greening rapidly decreased. Temperature was the primary climatic driver for the observed vegetation changes during multiple periods while precipitation and sunshine duration had significant impacts on vegetation growth only in limited parts of the study area or during spring. Vegetation growth response to climate change varied across seasons and regions. Trend analysis during the multiple nested time series provides a better understanding of NDVI dynamics and may help to forecast future changes. Spring NDVI is likely to continue decreasing, autumn NDVI will continue increasing, and the magnitude of the NDVI increase during growing season will decline in the future.
Introduction
Plants are important primary producers at, or near, the beginning of most food chains. Vegetation provides food and shelter for a variety of organisms and links material circulation and energy flow in the pedosphere, hydrosphere, and atmosphere. Vegetation also plays an important role in the regulation of global carbon balance and the maintenance of climate stability (Peng et al. 2012b; Piao et al. 2011) . Monitoring changes in the dynamics of vegetation activity has scientific value and practical significance. Understanding the relationship between the ''greenness'' of vegetation and climate is an important topic in global change research because it indicates responses of terrestrial ecosystems to climate changes (Goetz et al. 2005; Myneni et al. 1991; Peng et al. 2011) . The Normalized Difference Vegetation Index (NDVI) is a vegetation index used to measure vegetation greenness and it is one of the best indicators for visualizing temporal changes of vegetation growth. Several studies have demonstrated that the Global Inventory Modeling and Mapping Studies (GIMMS) NDVI dataset performs best in detecting long-term vegetation trends Beck and Goetz 2011; Fensholt et al. 2012; Jeong et al. 2011; Peng et al. 2011; Zhao et al. 2011) . The most widely used GIMMS NDVI datasets are of the time series from 1981 to 2006. To compare recent vegetation dynamics with historical vegetation dynamics, an extension of the GIMMS NDVI dataset time series is required (de Jong et al. 2011; Mao et al. 2012) . Moderate resolution imaging spectroradiometer (MODIS) provides data that are improvements over GIMMS NDVI (Fensholt et al. 2009 ). MODIS instrumentation enhances spatial resolution and sensitivity to chlorophyll, excludes the interference of atmospheric and water vapor, modifies the synthesis method, and is a continuation and upgrade of GIMMS NDVI (Huete et al. 2002) . Studies comparing GIMMS and MODIS NDVI datasets and data interpolation have been conducted in many locations (Brown et al. 2006; Tucker et al. 2005; Chen et al. 2011; Ding et al. 2010; Gallo et al. 2005; He et al. 2012; Mao et al. 2012; Peng et al. 2012a; van Leeuwen et al. 2006) .
The Tibetan Plateau (TP) is the highest and largest highland in the world. It has several unique vegetation types and climates. As the 'Third Pole' of the world and the 'Asian water tower,' the TP exerts huge impacts on regional and global climate through thermal and mechanical forcing mechanisms (Duan et al. 2011 (Duan et al. , 2012a Liu and Wang 2011; Qin et al. 2009; Shichang et al. 2010; Yang et al. 2010) . TP ecological processes provide ecological security to China and East Asia (Sun 2012) . In recent years, the TP has experienced substantial climate change, such as pronounced warming (Duan et al. 2011; Qin et al. 2009; Shichang et al. 2010; Yang et al. 2014) , reduced wind (Cuo et al. 2012; Yang et al. 2011 Yang et al. , 2014 ) and reduced precipitation (Huang et al. 2011) . The combination of these changes has greatly impacted vegetation growth (Ding et al. 2010; Mao et al. 2007; Mohammat et al. 2013; Peng et al. 2012b; Xu et al. , 2012 Yang et al. 2005; Yang and Piao 2006; Zhang et al. 2010 ). Linear trend analysis over a long series of years may obscure significant changes appearing within shorter time intervals (de Jong et al. 2012) . Comparative analysis of results from multi-periods, changes in vegetation NDVI over the most recent years, and dynamics of NDVI trends are poorly studied. An increase in the number of remote sensors and the combined use of multi-sensor data to monitor current and historical vegetation dynamics will become more common in the future (Shen et al. 2014; van Leeuwen et al. 2006) . For these reasons, GIMMS NDVI and MODIS NDVI data sets were combined in the present study, and these datasets were used to study changes in the TP vegetation over 14 periods : 1982-1999, 1982-2000,…, 1982-2012 
Materials and methods

Studied areas
The TP is located at southwestern China covering the whole of Tibet and Qinghai provinces, and parts of Xinjiang, Gansu, Sichuan, and Yunnan provinces (Fig. 1) . It lies within 26.0°-39.8°N, and 78.3°-104.8°E, and has a size of about one-quarter of the Chinese territory and mean elevation of more than 4000 m above sea level. Surface elevation changes rapidly across the boundaries of the TP and strong contrasts exist between the western and eastern parts in terms of land surfaces, vegetation, and climate. Combining with the factors such as topography and geographical location, the plateau climate in the study area exhibits a gradient from warm and humid in southeast to cold and dry in northwest, which leads to spatial differentiation of biomes (Peng et al. 2012b) . Hydrothermal conditions on the TP at the biological limit level make the terrestrial ecosystem extremely sensitive to climate change. As one of the most sensitive areas to climate change with great ecological vulnerability, the TP has been recognized as a suitable place for the study on the response of vegetation NDVI to climate change.
Data sources and processing
The GIMMS NDVI datasets were acquired from the GIMMS group and was derived from the NOAA/AVHRR land datasets with a spatial resolution of 8 km 9 8 km and 15-day interval from 1982 to 2006. The GIMMS NDVI datasets have been corrected to minimize the effects of volcanic eruptions, solar angle as well as sensor errors and shifts and thus can be used to evaluate the long-term trends in vegetation activity. The spatial resolution of the MODIS NDVI datasets (MOD13A3) obtained from NASA's Earth Observing System from 2000 to 2012 was 1 km 9 1 km. The long-term monthly mean temperature, monthly precipitation and monthly sunshine duration data were acquired from the China Meteorological Data Sharing Service System. The data on vegetation type were digitized from a 1:1,000,000 scale vegetation map (China 2001) . Vegetation types were classified as follows: needle leaf forest, broad leaf forest, shrub, steppe, meadow, crop, desert and non-vegetation area. Figure 1 also shows the distribution of different types of vegetation.
The monthly GIMMS NDVI datasets were obtained using the maximum value composite (MVC) method. Using a spatial average resampling method like Fensholt et al. (2009) and Fensholt et al. (2012) , the MODIS NDVI was resampled to a spatial resolution of 8 km 9 8 km to be consistent with the GIMMS NDVI datasets. Pixels with a mean growing season NDVI \0.10 were excluded in this study to reduce the influence of sparsely vegetated pixels on the NDVI trend following the lead of earlier related research studies (Mohammat et al. 2013; Piao et al. 2011a, b; Zhang et al. 2013; Zhao et al. 2011 ).
Methods
The two NDVI datasets were obtained from different remote sensors and spectral bands, spectral response function, and local overpass times were not consistent. There are significant differences between the NDVI value from GIMMS and MODIS, so the GIMMS and MODIS NDVI cannot be directly combined to evaluate the trend of vegetation activity (de Jong et al. 2011; Ding et al. 2010; He et al. 2012; Mao et al. 2012) . Checking the continuity and consistency of the two NDVI datasets is necessary before using them together. Using equivalent spatially and temporally overlapping processed monthly GIMMS and MODIS NDVI datasets from 2000 to 2006, a per-pixel unary linear regression model was established. Combining this model and MODIS NDVI data during 2000-2012, simulated GIMMS NDVI data were produced. The monthly GIMMS NDVI dataset and simulated GIMMS NDVI data after 2007 constitutes the NDVI time series of the TP covering 1982-2012. The correlation, difference, and error analyses on the GIMMS and simulated GIMMS NDVI were used to check the accuracy of the simulated GIMMS NDVI data.
The growing season was divided into three segments: spring (April-May), summer (June-August), and autumn (September-October). NDVI of the growing season and different seasons were calculated as the mean of the NDVI values for the corresponding months. The method of leastsquares linear regression is characterized by simplicity and robustness (Peng et al. 2012b) , and the results are easy to interpret and compare between datasets and between pixels (Fensholt et al. 2009 ). This statistical technique was therefore used to estimate linear time trends of NDVI and three climate variables (temperature, precipitation and sunshine duration) during given periods at regional and pixel scales, and the significance level (P) of these variables was determined using the F test. Absolute and percent NDVI changes were measured as linear regression slope and the ratio of slope to the mean annual NDVI during 1982-2012 (Yang and Piao 2006) . The Pearson correlation coefficients between NDVI and climate variables during the same period were calculated and it was assumed that interannual variability in NDVI was related to temporal variability in climate variables if the correlation coefficients were statistically significant. Based on climate data at weather stations, the ordinary Kriging method was used to generate a temperature, precipitation, and sunshine duration map with the same resolution and geographic coordinate system as those of the GIMMS NDVI datasets. To analyze the temporal patterns and dynamic processes, trends of NDVI and the correlation between NDVI and climatic factors over progressively longer periods of 18-31 years since 1982 were estimated and the percentage of the area showing a positive or negative trend in the 14 nested time series was calculated. According to the results of the significance test, the trends or correlations were classified into three ranks: highly significant (P B 0.01), significant (P B 0.05), and not significant (P [ 0.05). Figure 2 shows the pixel-by-pixel correlation between monthly GIMMS and MODIS NDVI datasets during [2000] [2001] [2002] [2003] [2004] [2005] [2006] . The percentage of area on the TP had a significant positive correlation for 96 % (P B 0.05), 94 % (P B 0.01) of the pixels. Spatial patterns of this type of correlation differed among different areas. The correlation was less significant in the northern non-vegetated area and also in the southwestern broadleaf forest region of the TP.
Results
Data consistency test
The mean monthly GIMMS and simulated GIMMS NDVI at a regional scale from February 2000 to December 2006 ( Fig. 3a) had a correlation coefficient of 0.9918 (P \ 0.001, n = 83). The slope, intercept, correlation were significantly improved compared to the corresponding values between GIMMS and MODIS (Fig. 3c) . The absolute error of GIMMS and simulated GIMMS NDVI was 0.00001 for an average of all pixels and the relative error was 0.005 %. The proportion of pixels with difference values between ±0.02 to all pixels was 100 % (Fig. 3b) . The absolute error, relative error, and ±0.02 difference values between GIMMS and MODIS were -0.0256, -14.04, and 59.15 % (Fig. 3d) , respectively.
Vegetation dynamic trends during 14 periods
Change in vegetation growth at the regional scale
The growing season NDVI increased significantly (R 2 C 0.18, n = 18-31) during 14 periods, with an annual increase magnitude of 4.25-7.68 9 10 -4 (0.21-0.27 %) (Fig. 4a ). Significant increases (P B 0.01) were found in several periods. The maximum and minimum increase rate of the growing season NDVI occurred in the period of 1982-2002 and in the period of 1982 . Spring NDVI showed significant increases (R 2 C 0.23, n = 18-19) during the first two periods and non-significant increases during all other periods at a rate of 0.26-13.71 9 10 -4 year -1 (0.01-0.77 % year -1 ). The largest and smallest increase rates of spring NDVI were found in the first and the last periods, respectively. There were two distinct periods with opposite trends in spring NDVI: it significantly increased (R 2 = 0.36, n = 17) from 1982 to 1998, and then decreased (R 2 = 0.15, n = 15, P [ 0.05) from 1998 to 2012 (Figs. 4b, 5) . Statistically significant and non-significant positive trends of summer NDVI were observed during the 1982-2002 period and during the last four periods (R 2 C 0.16, n = 21, 28-31), and during all other periods, respectively. The increase rates of summer NDVI during all periods varied between 6.22 9 10 -4 year -1 (0.18 % year -1 ) and 11.93 9 10 -4 -year -1 (0.35 % year -4 year -1 (0.05-0.16 % year -1 ) during all periods, with only the last two periods being significant at the 0.05 level (R 2 C 0.14, n = 30-31, Figs. 4d, 5). As the NDVI record increases in length, the increase in magnitude high-significantly decreased for growing season and spring (R 2 = 0.77, R 2 = 0.81, n = 14, respectively), and highsignificantly increased for autumn (R 2 = 0.64, n = 14), but there was no significant decrease for summer (R 2 = 0.24, n = 14).
Spatial pattern of vegetation growth
Changes in NDVI are shown in Table 1 . More than half of the study area had increasing trends in growing season, summer, and autumn NDVI during all periods. Pixels also had significantly positive trends more often than significantly negative trends. Spring NDVI increased over 88 % of the study area during 1982-1999 and then declined to 45 % during 1982-2012 . Areas with a significant increase in spring NDVI developed from being much more than that with a significant decrease during 1982-1999 to becoming noticeable less than the corresponding during 1982-2012. Areas with non-significant greening during the growing season, spring, and summer decreased over the 14 periods but this trend is statistically significant only for the growing season and spring (R 2 = 0.77, R 2 = 0.90, n = 14), whereas areas with non-significant greening in the autumn slightly increased. Significant browning areas in the growing season and all seasons highly significantly increased (R 2 = 0.97, R 2 = 0.96, R 2 = 0.91, R 2 = 0.91, n = 14) as the period length increased. The significant greening area significantly decreased in spring over the 14 periods. In contrast, highly significant expansions of areas with significant increase in growing season, summer, and autumn (R 2 = 0.83, R 2 = 0.86, R 2 = 0.98, n = 14) were found.
In general, a significant increasing trend in growing season NDVI was found in many parts of the TP, most conspicuously in the east and southwest. Areas with significant decrease were scattered in the central and southeastern TP (Fig. 6 ). Pixels that displayed significant increase in spring NDVI were distributed in the eastern and southern TP, and the pixels with significant decrease were concentrated in the central TP and scattered in the southeastern TP (Fig. 7) . The sign of the NDVI trend during both spring and the growing season for the central TP reversed from being positive during 1982-1999 to becoming significantly negative during 1982 . For the northeastern and southwestern TP, the majority of pixels were characterized by a significant positive trend in summer NDVI, while for southeastern TP and the area around the Longyangxia reservoir in Qinghai the trend was significantly negative. Compared to the 1982-2006 period, areas with significant changes in summer NDVI increased in 1982-2012. Areas with a significant increase in autumn NDVI were mainly located in the eastern and southern TP. The sign of the autumn NDVI trend for the Three-River Source Region in Qinghai reversed from being negative during 1982-1999 to becoming positive during 1982-2012, and the opposite change occurred in northern Tibet. Relationships between NDVI and climate variables
Correlations between NDVI and climate variables in the TP
At the TP regional scale, there were strong positive correlations between NDVI and temperatures during the growing season, summer, and autumn (Table 2) . Most of the correlations during the 14 time periods were significant at the 0.05 level, and increased with increased study time period (from 1982-1999 to 1982-2012) . Significant positive correlations between spring NDVI and temperature occurred only during the first few periods. NDVI-precipitation and NDVI-sunshine duration relationships were not significant for growing season, summer, and autumn during all periods, whereas the correlations for spring were relatively strong: reaching a 0.1 significance level for NDVI and precipitation during the last nine periods, and for NDVI and sunshine duration during the last ten periods. For growing season and all seasons during all periods except for spring during the last six periods, correlations between NDVI and temperature were stronger than correlations with precipitation and with sunshine duration (Table 2) .
Spatial patterns of interannual correlation between NDVI and climate
The NDVI positively correlated with temperature in more than half of the TP for growing season and all seasons during all periods. Areas with significant positive correlation between NDVI and temperature were more common than those with significant negative correlations (Table 3) . For growing season, summer, and autumn, pixels with significant positive correlation between NDVI and temperature increased significantly (R 2 = 0.97, R 2 = 0.98, R 2 = 0.95, n = 14) as the study period lengthened, but for spring there was a significant decrease (R 2 = 0.84, n = 14). Pixels with significant positive correlation between NDVI and temperature in the growing season and spring were mainly distributed in the eastern and southwestern TP. For the summer they were mainly distributed in the northeastern parts of the TP and for autumn they were mainly distributed in the central TP (Fig. 8) . The spring NDVI positively correlated with temperature in the central TP during 1982 TP during -1999 TP during and negatively correlated during 1982 TP during -2012 (Fig. 8) .
For growing season, summer and autumn, pixels with significant positive correlation between NDVI and precipitation increased high-significantly (R 2 = 0.88, R 2 = 0.89, R 2 = 0.70, n = 14) over the 14 periods while for spring there was no clear trend (Table 4 ). The pixels with significant negative correlation between spring NDVI and precipitation increased high-significantly (R 2 = 0.97, n = 14) over the 14 periods, while for growing season and the other seasons there was no clear trend. For growing season and summer, there was a significant positive correlation between NDVI and precipitation in the northeastern and southwestern TP, while a significant negative correlation occurred in parts of southeastern TP (Fig. 8) . Less than 4 % of the total study area, mainly in eastern locations of the TP, had a significant positive correlation between NDVI and precipitation for spring and autumn. The areas with significant negative correlation between spring NDVI and precipitation were mainly in the central and western TP, and for autumn mainly in the southeastern TP.
Similar to the patterns of correlation between NDVI and temperature, positive correlations between NDVI and sunshine duration for three seasons are common (Table 5) . For growing season and spring, pixels with significant positive correlation between NDVI and sunshine duration increased significantly (R 2 = 0.35, R 2 = 0.92, n = 14) over the 14 periods while for summer and autumn there was no clear trend (Table 5) . Pixels with significant negative correlation between NDVI and sunshine duration for growing season, summer, and autumn increased significantly (R 2 = 0.82, R 2 = 0.94, R 2 = 0.41, n = 14) over the 14 periods while for spring they decreased high-significantly (R 2 = 0.97, n = 14). For growing season and summer, NDVI significantly and positively correlated with sunshine duration in the eastern and southeastern TP, while the correlation was significant but negative at locations within southwestern and northeastern TP (Fig. 8) . Areas with significantly positive correlation between NDVI and sunshine duration for spring and autumn were scattered over the entire TP. In general, spatial patterns of correlation between NDVI and either temperature, precipitation or sunshine duration were mostly similar among the 14 periods but, in some TP locations, the positive or negative correlations between NDVI and climatic variables reversed.
Discussion Integrated use of GIMMS and MODIS NDVI datasets
Differences between AVHRR and MODIS sensors involve bandwidths and spectral response functions. Hence, the combined use of the two data sets requires initial testing for continuity and consistency (Brown et al. 2006; Mao et al. 2012; Steven et al. 2003) . Data comparison is an effective method for evaluating the continuity of data collected from different sensors (Fontana et al. 2012; Steven et al. 2003) . A previous study (Du et al. 2014 ) on independently assessing the performance of GIMMS and MODIS NDVI using Landsat samples indicated that spatial patterns and dynamic trends of GIMMS NDVI were in overall acceptable agreement with MODIS NDVI. Correlations and differences between the two datasets on the TP are both superior to those from corresponding results in other arid regions of the world (Fensholt et al. 2012) , and in northeast China (Mao et al. 2012) . This indicates that the GIMMS and MODIS NDVI datasets show relatively high agreement on the TP and that the use of the MODIS to extend the time series of the GIMMS is appropriate. The continuity and consistency of the spatial pattern of NDVI trends in the 14 periods in the majority of the TP also indirectly verified the accuracy of the simulated GIMMS NDVI data using the MODIS data.
Changes in NDVI and its association with climate change
An overall increasing trend in NDVI on the TP during the first few periods in this study was in agreement with previous studies (Ding et al. 2010; Mao et al. 2007; Peng et al. 2012b; Yang et al. 2005 Yang et al. , 2006 Zhang et al. 2010) . The spatial patterns of vegetation growth were also similar to most of the previous studies (Peng et al. 2011 (Peng et al. , 2012b Piao et al. 2011; Yang and Piao 2006; Zhang et al. 2010 ) but there were discrepancies with the results of Ding et al. (2010) . Possible reasons for this include: (1) data used to extend the GIMMS NDVI time sequence were different- Ding et al. (2010) used the SPOT VGT dataset; and (2) integration methods differed-the present study adopted per-pixel regression during 2000-2006 at month scale while Ding et al. (2010) used all pixels in 1999 as a variable in the regression model.
The reduction of the increasing rate of the growing season NDVI over 14 periods were contributed by spring and summer NDVI changes, and in particular, by spring NDVI change. Although the slowing of growing season, spring, and summer NDVI change was observed on a regional scale over 14 periods, area with both positive and negative significant NDVI trends was significantly increased in most seasons. This was especially evident in areas with significant negative trends leading to a significant decrease in the rate of NDVI change at the regional scale. Thus, the regional average may mask or obscure phenomenon existing at the pixel scale and may miss some important ecological processes arisen at the pixel scale. The NDVI-temperature correlation was generally stronger than the NDVI-precipitation and the NDVI-sunshine duration correlation in the growing season and all individual seasons. The area with significant NDVI-temperature correlation was also larger than the areas with significant NDVI-precipitation and NDVI-sunshine duration. Related studies (Mao et al. 2007; Yang and Piao 2006; Zhang et al. 2010 ) also indicate that vegetation growth on the TP is more strongly related to temperature than to other climatic variables. Increased temperature enhanced vegetation growth in the eastern TP, particularly in the Qinghai Province. Increased precipitation also enhanced NDVI in northeastern Qinghai and southwestern Tibetan. Over a gradually increasing time NDVI during 1982 NDVI during -1999 NDVI during , 1982 NDVI during -2002 NDVI during , 1982 NDVI during -2006 NDVI during , 1982 NDVI during -2009 NDVI during , and 1982 NDVI during -2012 Environ Earth Sci (2016) 1982-1999, 1982-2002, 1982-2006, 1982-2009, and 1982-2012 Table 2 Correlation coefficients between growing and seasonal NDVI and climatic variables at regional scales during study periods period used in this study, the total area with significant correlations between NDVI and temperature, precipitation and sunshine duration usually increased, indicating that the influence of climate change on vegetation growth is more apparent over longer time periods. The majority of the pixels with a significant browning trend of spring NDVI were mainly distributed in the central TP, in most where spring NDVI negatively and significantly correlated with precipitation and positively and significantly correlated with sunshine duration. Spring precipitation showed significant increases (R 2 C 0.18, n = 23-31) for the last nine periods and non-significant increases for all other periods (Table 6 ). The precipitation magnitude high-significantly increased (R 2 = 0.44, n = 14) over the 14 periods. Spring sunshine duration nonsignificantly decreased during all 14 periods (Table 6) . Areas with a significant decrease in spring NDVI were generally in the coldest region of the TP (Fig. 9) , with fewer than 50 days annually with accumulated temperature C10°C. Although spring temperature high-significantly increased during all 14 periods, the magnitude of temperature rise significantly decreased (R 2 = 0.51, n = 14) and the spring warming decline may have reduced vegetation activity in these cold regions. Precipitation and sunshine duration may be the key drivers of spring vegetation growth in the central TP but the warming slowdown also has an impact. The present results are not completely consistent with previous studies. Yu et al. (2012) found that vegetation is not well adjusted to the climate and is therefore unable to exploit additional thermal resources provided by global warming. Temperature and NDVI significantly increased, and NDVI was significantly and positively correlated with temperature during last few periods for growing season, summer, and autumn. This indicates that the effect of increasing temperature on vegetation greening is still effective. The influence of increasing temperature on vegetation growth may differ among seasons. In spring, temperature increased significantly (R 2 C 0.38, n = 18-31) during all 14 periods, but NDVI decreased after 1998. A possible explanation is that vegetation increase driven by warming may be counterbalanced by inhibition of vegetation growth brought by wet trend and reduction of sunshine duration, and this resulted in a net NDVI declining during the last decade.
Temperature is a major limiting factor for vegetation growth and the responses of vegetation growth to climate change are likely to vary across different seasons and regions. The areas with a significant negative correlation between NDVI and precipitation are larger than areas with significant positive correlation for spring and autumn. The opposite is true for correlations between NDVI and temperature and sunshine duration. This suggests that vegetation growth in spring and autumn on large parts of the TP is mainly controlled by temperature and sunshine duration, which are both components of thermal conditions. Significant positive correlation between NDVI and precipitation and significant negative correlation between NDVI and sunshine duration generally dominates in both the southwestern and northeastern TP, where precipitation and sunshine is relatively less and abundant, respectively. But on the southeastern TP with more precipitation and less sunshine, correlations between NDVI and precipitation were negative, and correlations between NDVI and sunshine duration were positive. Ecological restoration projects during the last decade have promoted the vegetation cover in Three-River Source Regions, which is located in central part of the TP ). Linear regression is simple, robust, and the results are easy to interpret (Fensholt et al. 2009; Peng et al. 2012b) but the overall linear trend is a simplification of the actual temporal patterns of vegetation growth change during the entire study period (de Jong et al. 2011 (de Jong et al. , 2012 Piao et al. 2011) . For example, spring NDVI on the TP exhibits combined greening and browning trends, which are averaged out by a simple linear trend analysis during whole period. It is difficult to simulate expected future vegetation changes using general ecological models (Xu et al. 2014; Yu et al. 2012) due to the time lag effects of vegetation growth to climate change (Yang and Piao 2006; Yu et al. 2012) . Detection of spatio-temporal changes of NDVI and its relationship with climatic factors during multiple nested periods may become one of the methods that can provide a solution to problems involved with studies of current and projected vegetation change. Over progressively longer periods since the beginning year of the study (1982) , monitoring the changes of vegetation growth and analyzing the trend in the annual variation rates of NDVI during each period provided an alternative way of forecasting vegetation change. Based on results of this paper, it can thus be predict that spring NDVI will continue to decrease, autumn NDVI will continue to increase, and the magnitude of NDVI increase for the growing season will further decline. At the pixel scale, areas with significant increases and significant decreases in NDVI are likely to successively expand in the future, particularly for summer and autumn seasons. It is also predict that areas with enhanced NDVI for the growing season, summer, and autumn will continue to increase. Areas with significant negative correlation between NDVI and precipitation for spring and autumn will continue to expand, and areas with NDVI enhanced by precipitation for growing season and summer will continue to expand.
Conclusions
The GIMMS and the MODIS NDVI datasets are consistent and can be merged to expand the length of the NDVI time series on the TP. From 1982 to 2012, vegetation growth on the TP showed an overall increasing tendency for growing season and three seasons. Comparison of NDVI changes among multiple periods indicated that although the rate of NDVI increase in autumn significantly increased as the time period lengthened, but in spring and summer significantly decreased and slightly decreased, respectively. This led to the increase in growing season NDVI was stagnant or slowdown over 14 periods, which means vegetation activity tends to be stable. The NDVI trends had remarkable regional differences and showed divergence. Areas with significant change mostly increased in size as the NDVI record length increased from 1982-1999 to 1982-2012 . Regional averages can mask or obscure significant trends occurring at the pixel scale.
The main climatic drivers of vegetation growth varied across seasons and regions. Vegetation growth in spring and autumn was mainly regulated by thermal factors, such as temperature and sunshine duration. NDVI decrease in spring may have been caused by increased precipitation and reduction of sunshine duration during the last decade of study records. The relatively wet and reduced sunshine conditions in the southeastern TP produced a significant negative correlation between NDVI and precipitation and a significant positive correlation between NDVI and sunshine duration.
In research focusing on long time sequences of NDVI, trend analysis during the multiple progressive time series may contribute to a better understanding of NDVI changes and provide insight regarding future changes. In this respect, spring NDVI will be expected to continue to decrease, autumn NDVI will continuously increase but the magnitude of NDVI increase for the growing season will be reduced in the future. Areas with significant NDVI trends (both positive and negative) for the growing season Table 6 Trends of precipitation and sunshine duration in the spring during 14 periods at regional scale 1982-1999 1982-2000 1982-2001 1982-2002 1982-2003 1982-2004 1982-2005 1982-2006 1982-2007 1982-2008 1982-2009 1982-2010 1982-2011 1982-2012 Precipitation (mm/a) and the three individual seasons are likely to maintain increasing trends.
